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" AIRCRAFT PARAMETER ESTIMATION*
' AIAA DR’NFN LECTURE IN RESEARCH FOR 1987

Kenneth W. [1iff**
NASA Ames Research Center
Hryden Flight Research Facility
Edwards, California

Anstract L rolling moment divided by 1.,
. o , 1 2, or, iteration
The aircraft parameter estimation problem is ;Egég?c v o teratio
ised tn 1tlustrate the utility of parameter esti-
mation, which applies to many engineering and L rol1ing moment, ft-1b
acientif1o fields. Maximum likelihood estimation ’
nas heen used to extraco stability and control vy rolling moment due to yaw :et
- derivatives trom flight data for many years. This ft-1b per jet ’ J R
1 paper presents some of the bhasic concepts of air-
,!i craft parameter estimatlion and briefly surveys M Mach number
F the literature in the field. The maximum likeli-
nood estimator is discussad, and the basic can- N number of time points or cases
cepts of minimization and estimation are examined .
for a simple simulated aircraft example. The cost n state noise vector; or, number of
functions that are to be minimized during estima- unknowns ’ ’
tion are defined and discussed. Graphic represen-
tations of the cost functions are given to illus- 0 roll rate, deg/sec
trate the minimization process. Finally, the ’
hasic concepts are generalized, and estimation -
from flight data is discussed. Some of the major q dynamic pressure, 15/ft2
conclusions for the simulated example are also
develaped for tne analysis of flight data from the Re Reynolds number
F-14, nighly maneuverable aircraft technology
(HiMAT), and space shuttle vehicles. r yaw rate, deg/sec
Nomenclature t time, sec
A, B, O, system matrices u control input vector
n, ¥, 6
v total velocity, ft/sec
4 dy lateral acceleration, g
-~ ’ X state vector
i g coefficient of rolling moment b ¢ ¢
b4 observation vector
L ‘neftyicient of pitching moment - . . )
' P 9 bd predicted Kalman-filtered estimate
- - caefficient of yawing moment a angle of attack, dey
ng equivalent dynamic directional 8 angle of sideslip, deg
dyn stability
) ] A time sample interval, sec
Cv coefficient of sideforce
8 control deflection, deg
t{e), yl+) general functions
83 aiteron deflection, deg
GG* measurement noise covariance matrix
) ) ) . SpE differential elevon deflection, dej
H approximation to the information
: matrix 8p rudder deflection, deg
Iy lys moment of inertia about subscripted n measurement noise vector
¥ 1;, Ixz axis, slug-ft2
Y u mean
g J cnst function
e e e £ vector of unknowns
p *Substantial portions of this paper are
o taken from two publications of the author, o standard deviation
Refs. 1 and 2.
= **Chief, Fluid and Flight Mechanics Branch. T time, sec
» ATAA Tellow,
L d
. I'his paper is declared 2 work of the US
Luovernment and therefore 18 in the public domain.
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¢ transition matrix; or, bank angle,
deg

¥ integral of transition matrix

Subscripts

p, r, a, 8,
Bas SpE. Sp

partial derivative with respect to
subscripted variable

U bias; or, at time zero

nin minimum value

Superscripts

predicted estimate
estimate

. transpose
Introduction

It is difficult to present a topic as special-
ized as aircraft parameter estimation in a way
that will interest a generalized audience of
mathematicians, scientists, and engineers. The
approach here is to portray parameter estimation
as a specialized "curve-fitting" technique that
can be applied to a broad class of problems. Much
effort is expended in a variety of disciplines on
a form of curve fitting, more specifically, the
correlation of observed or inferred data with an
assumed (though perhaps in a high- or infinite-
dimensional space) mathematical model that is
based on phenomenological considerations. This
broad class of problems is referred to as system
identification,

the application of system identification,
sometimes referred to as the inverse problem
(paraphrased as, Given the answer, what is the
guestion?), presumably goes back to prehistoric
times as humanity tried to master the environment
by understanding, based on observation, certain
phenomena (probably simple ones). Many of the
physical laws stated by the Chinese, Egyptians,
and Greeks were based on the same principles as
are currently used in system identification.
Through advancing technology and mathematical
rigor, we can apply much more sophisticated tech-
niques for making observations and for deducing
the underlying phenomenology, but the basic prob-
lem of system identification remains the same.

For most physical systems, information about
the general form of the system to be identified
often can be derived from knowledge of the system.
The most widely applied subfield of system identi-
fication is parameter identification, where the
form of the mathematical model is assumed to be
known. The model (an explicit function, a polyno-
miai expansion, a look-up table, a finite-state
machine defined for application of artificial
inteiligence, or many other forms) contains a
finite number of parameters, the values of which
need to be deduced or identified from the obser-
vations. One of the favored forms of the model
for the most successful application is the state-
space form (a rigorous treatment of state-space
forms is given in Ref., 3). State-space models are
very useful for dynamic systems, in which responses

are time functions. Autoregressive moving average
(ARMA) models are also widely known; however,
discrete-time ARMA models can readily he rewritten

as linear state-space models,? so the discussion
of state-space models presented in this paper is
applicable to ARMA models.

An assumed model will not be an exact repre-
sentation uf the system no matter how carefully
1ts firm is selected. The experimental data will
not be consistent with the assumed model for any
parameter values, The model may be close but will
not be exact, if only because the medasurements or
observations will be made with real, thus imper-
fect, sensors. Errors in observations and in the
model need to be evaluated in determining the
unknown parameters of the model. So the objective
becomes the applicetion of the “"best” model (in
some sense), instzad of the correct model, to find
the "best" estimates o. the unknown parameters;
this process is referred to as parameter estima-
tion. The currently favored approach to parameter
estimation, and the one discussed in this paper,
is to minimize the error, in the }east squares
sense, between the model response and the actual
measured response; the estimates resulting in the
minimum error are the “best" estimates. The
theoretical formulation® and applicationb of the
output error technique (which is a maximum likeli-
hood technique that is used throughout this paper)
have been thoroughly documented.

Although the applications described in this
paper pertain to aircraft, the techniques have
been successfully applied in other fields where
the mathematical model and observations are ade-
quate. Parameter estimation may sound like one
more arcane subject, but it has application in any
field where observations must be made to agree
with the assumed physics of a problem. There are
many obvious applications in a variety of fields,
such as, spacecraft dynamics, gravitational per-
turbations, fluid dynamics and mechanics, optimal
control, and guidance.

The application of the maximum likelihgod
technique for parameter estimation of aircraft
coefficients demonstrates a successful application
of system identification technology. Analysts
in the aircraft community accept and use system
identification techniques on a routine basis.
Although there are isolated problems (primarily in
extending the application to more difficult flight
regimes, such as where the aircraft is dominated
by poorly understood separated flow), there +s
Tittle doubt that the basic application is highly
successful, Contributing to this success are a
well-understood, time-tested,’»8 physically
derived model form that is reasonably represent-
ative of the true vehicle in most flight regimes;
high-quality measurements of several relevant
states; the ability to apply inputs specifically
for system identification; and engineers familiar
with system identification, aerodynamics, aircraft
equations of motfon, and the associated aerodynamic
coefficients.

This paper first presents a brief survey of
the contributions tco system identification, and
specifically aircraft parameter estimation, up to
1980, when the maximum Yikelihood technique began
to completely dominate the field., (Refs. 6 and 9
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give a broad view of contributions since 1980.
Ref, 9 is a bibliography of nearly 500 books,
papers, and reports related to parameter esti-
mation.) Some common uses of the estimated
parameters are then discussed. The technique
used tor parameter estimation is then described,
followed by an examination of the computational
detatrls and cost functions involved in error mini-
mization., Finally, applications of the technique
for improving high-performance aircraft and the
space shuttle are described,

E)ﬁtyfxﬂqf_ﬂgréggggl_ﬁst7mdtlon to 1980
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The transition from hit-and-miss, rule-of-thumb
systen identification to mathematically sound
approdches has been gradual; certainly no single
yerminal work can be referenced. Gauss,l0 in
1809, discussed the inverse (system identifi-
cation) problem and suggested some statistical
approgsches that are relevant even today. The
discussions of Douglas,ll in 1940, and Gelfand
and Levitan,12 in 1951, pertaining to the inverse
problem certainly qualify as truly significant
works contributing to the state of the art. The
formulation by Feldbaum,13 one of the more sig-
nificent works aimed at the current direction of
investigation, is somewhat different than others
discussed, but he did look at identification and
control of the system as a single problem, the
“dual control” problem. During the 1960s, a
plethora of publications was evidence of increased
interest in problems of this type, Much of this
1nterest was stimulated by the well-known early
works of Kalman.

The bulk of general system identification
theary and application up to 1980 has been sum-

. . 14~
mar.zed in several excellent survey papers.~4 17

The system identification problem can be
divided 1nto two major subsets: deterministic
{without <state noise) and nondeterministic (with
state noisej. There are two classes of tech-
nmiques for identification of nondeterministic
Systems: the Kalman filter (or more generally,
the extended Kalman filter) technique and the
maximum likelihood technique. Many precise
applications do not truly fall into these classes,
but they do tend to mimic one of the two tech-
niques. The extended Kalman filter (discussed

o
by Astriml® and Kashyapl9) has heen widely
applied; however, this paper primarily examines
the maximum likelihood estimator, proposed by
BalakrishnanZ0-22 and developed in Refs. 23 and 24.

Aircraft Identification

In the following chronological survey of
investigations that led to the development and
widespread acceptance of the maximum likelihood
estimation technique for aircraft coefficient
estimation, the more straightforward deterministic
analysis is discussed first, followed by a brief
discussion of nondeterministic analysis. Some of
the investigations in estimation of unknown coef-
ficients from aircraft dynamic response data are
contained in Refs, 25 and 26, The National

Advisory Committee on Aeronautics (NACA) had been
publishing reports on stability derivatives
(coefficients of the differential equations of
motion) since the early 1920s. (The reports by
Norton7»8 involved the identification of frequency
and damping ratios from flight data.)

Deterministic Analysis. The sophistication
and complexity of the methods used to estimate
unknown coefficients from aircraft dynamic flight
responses have increased over the past 40 years.
In the Tate 1940s and early 1950s the frequency
response methods {including steady-state oscilla-

tor analysi527 and Fourier analysis?8) increased
in pooularity in gircefr analysis and in other
applications. These metrnds yield the frequency
response of the vehicle but not the coefficients
of tnhe differential equations. Attempts were made
to extract tnese coefficients by selectirg values
of the aircraft coefficients that resulted in the
best fit of the frequency response.29,30 Regres-
sion techniques, such as linear least squares3l
and weighted least squares30 techniques, were
also applied to flight data at about that time.
Unfortunately, regression techniques give poor
results in the presence of measurement noise and
yield biased estimates. The time vector tech-
nique32 has also been applied to flight data:
however, it yields an incomplete set of coef-
ficients, and the types of responses that can be
analyzed are restricted to fairly simple motions.
Analog matching techniques3Z.33 (time consuming
and somewhat tedious) have also been applied to
flight data but are limited because resulting
estimates vary with the skill and technique of
the operator. Comparisons of these early tech-
niques34,35 showed that a more complete method

of identification was needed.

In 1968, two independent studies36,37 of
nonlinear minimization methods (output error
methods) for obtaining aerodynamic coefficients
were published, one describing the maximum likeli-
nood estimator36,38 (with a Gauss-Newton tech-
nigue} to obtain a complete set of aerodynamic
coefficients from flight data and the other
describing a quasilinearization technique37,39 to
estimate some coefficients of an aircraft. One
reason for the early success of these Lwo methods
is that previous research had furnished a well-
defined model that adequately described the
resulting motion of the vehicle. These two early
results of aircraft identification by nonlinear
minimization renewed interest in analysis of
flight data. There was a later modification to
these techniques to include a priori informa-
tion.40 The minimization of this modified cost
functional does not result in a maximum likelihood
estimator, because it is based on the joint proba-
bility distribution rather than the conditional
probability. Other successful computer programs
have heen reported.1-44 Extensive experience at
many installations25,26,45-58 had been obtained

using the maximum likelihood estimator technique
on dynamic flight responses,

Another approach, similar to these output
error methods, wdas the application of the Kalman
filter®9 to estimate the aerodynamic coefficients.




Some of the early results obtained by the Kalman
filter techniyue were unsatisfactory; that is, the
estimates of both the states and the parameters
were biased and did not always converge to reason-
ahle results. Improved results were obtained by
adding the derivative of the state.50 A weakness
of the Kalman filter method is its dependence on
the rovariance matrix obtained from the filter.60
However, a technique was developed for obtaining
pstimates ot the covariance matrix with a subop-
timal Kalman filter.9Y A successful application
of the Kalman filter to provide the state esti-
mates used for the estimation of stability and
contral derivatives and performance parameters

was subsequently described,01,62

Nondeterministic Analysis. As previously
mentioned. two classes of techniques were offered
for the estimation of systems with measurement
and state noise: the Kalman filter (or more
generally, the extended Kalman filter) tech-
niquel®.19,59,60,63,64 and the maximum likeli-
hood technique.21-23,65,66 The maximum Tikeli-
hood estimator for the nondeterministic case is
usually referred to as the filter error method.

The general application of the extended Kalman
filter was discussed in Refs. 18 and 19. The
extended kalman filter for the discrete-time case
was applied to simulated aircraft data with a
state noise input.60 A similar application63 to
aircraft flight response data gave inconclusive
results because the state noise input was small
and the system was nonlinear. Somewhat better
results were ohained with an application of a
greatly simplified extended Kalman filter
tvchnlque.h4

The maximum likelihood estimator was applied
to response data of an aircraft flying in atmos-
pheric turbulence:23 the resulting coefficients
were in agreement with results obtaired for the
came aircraft flying in smooth air, that is,
without state noise.

Most ot the results presented in this paper
are based on an output error method prOgram;67
the I1iff-Maine code of this program is capable
of using the Maine-ITiff formulationf® (which
can account for effects of state noise), although
this feature is not used for the examples in
this paper.

Basic Uses of Flight-Determined Coefficients

The extraction of unknown aerodynamic coef-
ficients or stability and control derivatives
from flight data has been of interest for many
years./»" The coefficients are used to provide
tinal verification of the predicted full-scale
design and to assist in the flight testing and
verification of averall aircraft system perform-
ance. 1,45 After the analysis of the flight
test data, the aircraft coefficients can be com-
pared with calculated coefficients, estimates from
computational fluid dynamics, and wind tunnel pre-
dictions, and these comparisons can be used to
update prediction methods for the improvement of
future aircraft designs.l»46 Once an aircraft is

built, the coefficients play an important role in

the expansion of the flight test envelope.l,47

As estimates of the derivatives become available,
they are used to upgrade fixed-based simulators to
assist in flight planning and aircraft control

system modification.',48 [n addition, the flight-
determined coefficients can be used to establish
compliance with the desired design specifications.
Flight-determined coefficients are also used to
establish the accuracy of airborne simulations49
and to identify aircraft parameters for adaptive

control .23

Definition of Estimation Tachnique

The parameter estimation problem can be
defined quite simply in yeneral terms. The sys-
tem uncer investigation is assumed to be modeled
by a set of dynamic equations containing unknown
parameters. To determine the values of the
unknown parameters, the system is excited by a
suitable input, and the input and actual system
response are measured. The values of the unknown
parameters are then inferred based on the require-
ment that the model response to the given input
match the actual system response. When formulated
in this manner, the unknown parameters can be
identified easily by many methods; however, com-
plicating factors arise when application to a
real system is considered.

The first complication is the impossibility of
obtaining perfect measurements of the response of
any real system. The inevitable sensor errors are
usually included as additive measurement noise in
the dynamic model, and the theoretical nature of
the problem then changes drastically. It becomes
impossible to identify exactly the values of the
unknown parameters; instead, the values must be
estimated by some statistical criterion. The
theory of estimation in the presence of measure-
ment noise is relatively straightforward for a
system with discrete time observations, requiring
only basic probability.

The second complication of real systems is the
presence of state noise, State noise is random
excitation of the system from unmeasured sources,
the standard example for the aircraft stability
and control problem being atmospheric turbulence.
If state noise is present and measurement noise is
neglected, the analysis results in the regression

algorithm.6

When both state and measurement noise are con-

Sidered,ﬁ8 the problem is more complex than in the
cases that have only state noise or only measure-
ment noise.

The final complication for real systems is
modeling. It has been assumed throughout this
discussion that for some value (called the best
value) of the unknown parameter vector, the system
is correctly described by the dynamic model.
Physical systems are seldom described exactly by
simple dynamic models, so the question of modeling
error arises. No comprehensive theory of modeling
error is available. The most common approach is
to ignore it; any modeling error is simply treated
as state noise or measurement noise, or both, in
spite of the fact that the modeling error may be




deterministic rather than random. The assumed
noise statistics can then be adjusted to include
the contribution of the modeling error. This pro-
cedure is not rigorously Justifiable, but combined
with a carefully chosen model, it is probably the
best approach available,

It is possible to make 3 more precise, mathe-
matically probabilistic statement of the parameter
estimation problem. The first step is to define
the general system model {aircraft equations of
motion), which can he written in the continuous-
discrete furm as

x(ty) = xy (1)

x(t) = flx(t), u(t), €] + F(gin(t) (2)

(
2(ti) = glx(ti), u(ty), €1 + G(g)n (3)

where x is the state vector, z is the observation
vector, f and g are system state and observation
tunctions, u is the known control input vector,

€ 1s the vector of unknown parameters, n is the
state noise vector, n is the measurement noise
vector, f and G are system matrices, t is time,
and - denotes derivative with respect to time,
The state noise vector 1S assumed to he zero-mean
white Gaussian and stationary, and the measurement
noise vector is assumed to be a sequence of inde-
pendent Gaussian random variables with zero mean
and identity covariance. For each possible esti-
mate of the uninown parameters, a probability
that the aircraft response time histories attain
values near the observed values can then be
defined. The maximunm Tikelthood estimates are
defined as those that maximize this probability.
Maximum Tikelihood estimation has many desirable
statistical characteristics; for example, it
yielas asymptotically unbiased, consistent, and

efficient estimates, 38

If there is no state noise, then the maximum
Itkelihood estimator minimizes the cost function

N
HE) = 2 TLzti) - 2.(ty) I*(6e%) )

1
? i
b2t - 2 ()] s %—N 1n](GG*) |

(4)

where GG* is the measurement noise covariance
matrix, Zg(ti) is the predicted response estimate
of z at ti for a given value of the unknown-
parameter vector £ (with ~ denoting predicted
estimate), N is the number of time points, and

* denotes transpose. The cost function is a func-
tion of the difference between the measured and
computed time histories.

If Eqs. (?) and (3) are Tinearized (as is the
case for the stability and control derivatives in
the aircraft problem)

v

x(tg) = xp (5)

PR LT

x(t)

z{t;)

Ax(t) + Bu(t) + Fn(t) (6)

Cx(ti) + Du(ti) + Gny {(7)

where A, B, C, and D are System matrices. For the
no-state-noise case, the 2c(ti) term of Eg. (4)
can be approximated by

it

Xe(tn) = xg(€) (8)
Xg(tiel) = oRe(ts) + ylu(ty) » u(tis1)l/2 (9)
Zg(ti) = Cig(ti) + Du(ty) (10}

where the transition matrix ¢ and the integral of
the transition matrix, ¢, are given by

¢ = exp[A{tis) - ti)] (11a)
tisl

¥ =[ exp(At) dt B (11b)
tj

When state noise is important, the estimator
based on the nonlinear form of Egs, (1) to (3) is

intractable, and ad hoc technigues are required.69

To minimize the cost function J(£), we can
apply the Newton-Raphson algorithm (or some other
minimization technique), which chooses successive
estimates of the vector of unknown coefficients,
£ (" denoting estimate). If L is the iteration
number, then the L + 1 estimate of £ is obtained
from the L estimate as

G =& - REDTIE)T g

If (GG*).1 is assumed fixed, the first and second
gradients are defined as

N
vI(E) = - iza[z(ti) < 2glti) 17660 T vz, (1))
(13)
2 & o s 1
Ved(g) = 2 [vczg(ti)]*(GG*) [Vglg(ti)]

i=1

J 1.2
- ~fi[’("’ " Z(ti) 66 Tz (84)]

(14a)
The Gauss-Newton approximation to the second gra-
dient is

N
2 x 7 : * *-l 7 :
ve(e) = 12:1[\75z5<t1)] (G6*)°[v.2 (ti)] (1)

The Gauss-Newton approximation is computationally
much easier than the Newton-Raphson method because
the second gradient of the innovation never needs




to be calculated. In addition, it can have the
advantage of speeding the convergence of the
algorithm, as is discussed in Ref. 6.

Figure 1 illustrates the maximum 1ikelihood
estimation concept. The measured response is com-
~ pared with the estimated response, and the dif-

) ference hetween these responses is called the

= response error. The cost functions of Egs. (4)

- and {11} include this response error. The minimi-
zation algorithm is used to find the coefficient
values that minimize the cost function. Each
iteration of this algorithm provides a new esti-
mate of the unknown coefficients on the basis of
the response error, These new estimates of the
coefficients are then used to update values of the
coefficients of the mathematical model, providing
a new estimated response and therefore a new
response error, The updating of the mathematical
model continues iteratively until a convergence
criterion is satisfied. The estimates resulting
from this pracedure are the maximum 1ikelthood
estimates.

The maximum likelihood estimator also pro-
vides a measure of the reliability of each esti-
mate based on the information obtained from each
dynamic maneuver. This measure of the reliabil-
ity, analogous to the standard deviation, is

called the Cramér-Rao bound5.:24 or the uncer-
tainty level. The Cramér-Rao bound as computed
hy current programs should generally be used as a
measure of relative accuracy rather than absolute
accuracy. The bound is obtained from the approx-
imation to the information matrix, H, which is
based on Eq. (14b); the actual information matrix
is defined when evaluated at the correct values
(not maximum likelihood estimates) of all the
coefficients, The bound for each unknown is the
square root of the corresponding diagonal ele-

ment of H'l; that is, for the ith unknown, the

Cramér-Rao bound is VH’I(i,i).

The formulation and the minimization algorithm
previously discussed (Egqs. (4) to (14)) are imple-
mented with the I11iff-Maine code (MMLE3 maximum
likelihood estimation program). The program and
computational algorithms are described fully in
Ref. 7. All the computations shown and described
in the remainder of this paper use the algorithms
exactly as described in Ref. 67.
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Simple Simulated Example

For the discussion that follows, some knowl-
edge of differential equations is assumed. A
full derivation and a discussion of the aircraft
equations of motion are given in Ref. 6.

The basic concepts involved in a parameter
estimation problem will be ‘llustrated by a simple
simulated example representative of a realistic
problem: an aircraft that exhibits pure rolling
motion from an aileron input. This example,
although simplified, typifies the motion exhibited
by many aircraft in particular flight regimes,
such as the F-14 aircraft flying at high dynamic
pressure, the F-111 aircraft at moderate speed

'y'ji. ’ f?‘"

with the wing in the forward position, and the
T-37 aircraft at low speed.

Derivation of an equation describing this
motion is straightforward. Figure 2 illustrates
an aircraft with the x axis perpendicular to the
plane of the figure (positive forward on the
aircraft). The rolling moment L', roll rate p,
and aileron deflection & are positive as shown.
For this example, the only state is p, and the
only control is §. The result of summing
moments i$s

Ixp = L'(p, 6) (15)

where Iy is the rolling moment about the

subscripted (x) axis. The first-order Taylor
expansion then becomes

« _ 3L aL
= —dp + — dé
P ® o (16)
assuming small perturbations and using the nota-
tion
p = Lpp + Lgé (17)
where
L=L"/Ix

and the subscripts p and § denote partial deriva-
tive with respect to the subscripted variable.

Equation (17) is a simple aircraft equation
where the forcing function is provided by the
aileron and the damping by the damping-in-rol}l
term Lp. In subsequent sections we examine in
detail the parameter estimation problem where
Eq. (17) describes the system. For this single-
degree-of-freedom problem, the maximum 1ikelihood
estimator is used to estimate Lp or Ls, or both,

for a given simulated time history.

We will assume that the system has measurement
noise but nro state noise; therefore, we can use
Egs. (1) to (3). Equation (4) then gives the cost
function for maximum likelihood estimation. The

weighting (GG"’)'1 is unimportant for this problem,
s0 let GG* = 1. For our example,

Xj = pi ()
zi = Xy

Therefore, Eq. (4) becomes

(pi - Billp, L&)2®  (19)

=

1
J R L = -
(Lp 8) 2

1

where pj is the value of the simulated measured
response p at time ti and Pi(Lp, Ls) is the esti-
mated time history of § at time ti for Lp = Lp

O USSR R




and Lg = Lg. Throughout the rest of this paper,
where simulated data (not experimental flight
data) are used, the simulated measured time
history refers to p;, and the estimated computed
time history, which varies with each iteration,
is ﬁi(Lp. Lg). The estimated time history is

a function of the current estimates of Lp and Lg,
but the simulated measured time history, pj,

is not.

The most straightforward method of obtaining
Dj is with Egs. (8) and (9), Using the previously
stated notation,

Pisel = ¢B3 + W(8§ + 8441)/2 (20}
where
¢ = exp(Lpa) (21)
¥ =fA exp(Llpt) dt Lg = Lell - exp(ipe)]
0 Lp
(22)

and 4 is the length of the sample interval,
ti+l - tij.

The maximum likelihood estimate i< obtained by
minimizing the cost function (Eq. (19)), which is
done by applying the Gauss-Newton method. Equa-
tion (12) is used to determine successive vof the
estimates of the unknowns during the minimization.

For this simple problem, £ = [fp [5]*, and
successive values of [p and [5 are determined by
updating Eq. (12). The first and second gradients
of Eq. (12) are defined by Egs. {(13) and (14b).

We now can write the entire procedure for
obtaining the maximum likelihood estimates for
this simple example. To start the algorithm,
initial estimates of Lp and L are needed

to define the value £y. Using Eq. (12), 51 and

suhsequently éL are defined hy using the first

and second gradients of J(Lp, Lg) from Eq. (19).

The gradients for this particular example, from
Egs. (13) and (14b), are

. N
Ve ) = -iza(Di - By, (23)
2, N .
Vel ) = 1-;1 (7,31 )*9,Bi (24)

Computational Details of Minimization

In the previous section we specified the
equations for a simple example and described the
procedure for obtaining estimates of the unknowns
from a dynamic maneuver. In this section we give

g3t . w8

the computational details for obtaining the esti-
mates. Some of the basic concepts of parameter
estimation are best shown with simulated measured
d¢ata, where the best (correct, in this simulated
case) answers are known. Therefore, in this sec-
tion we study two examples involving simulated
time histories. The first example is based on
data that have no measurement noise, which results
in estimates that are the same as the correct
values. The second example contains significant
measurement noise; consequently, the estimates are
not the same as the correct values.

For this simulated example, 10 points (time
samples) are used. The sirmulated measured data,
which we refer to as the measured data, are based
on Eq. (17). We use the same correct values
Lp = -0.250J and Lg = 10,0 for both examples.

In additicn, the same input & is used for both
examples, the sample interval A = 0.2 sec, and
the initial conditions are zero. Tables of all
the significant intermediate values of the calcu-
Tations are given in Ref. 6.A In both examples,
the initial values defining 50 are Lp = -0.5 and
Ls = 15.0.

Example With No Measurement Noise. The simu-
Jated measured time history of aileron deflection
for the case with no measurement noise (no-noise
case) is shown in Fig. 3. The aileron input
starts at czero, goes to a fixed value, and then
returns to zero. The resulting simulated measured
roll rate time history is also shown.

Table 1 gives the values for [p, f5, and J for

each iteration, along with the values of ¢ and ¢
needed for calculating Ppj. In three iterations

the algorithm converges to the correct values to
four significant digits for both Lp and Ls.

Figure 4 shows the match between the simulated
measured data and the estimated data for each of
the first three iterations. The match is very
close after two iterations and is nearly exact
after three.

Although the algorithm converges to four-digit
accuracy in Lp and L, the value of the cost func-
tion J continues to decrease rapidly between
iterations 3 and 4. This is a consequence of
using the maximum likelihood estimator on data
having no measurement noise. Theoretically, with
infinite accuracy the value of J at the minimum
should be zero. However, with finite accuracy the
value of J bacomes small but never reaches zero.
This value is a function of the number of signifi-
cant digits. For the 13-digit accuracy used here,
the cost eventually decreases to approximately

0.3 x 10-28,

Example With Measurement Noise. The simulated
measured data used in *he case with measurement
noise (noisy case) are the same as those used in
the previous section, except that pseudorandom
Gaussian noise is added to the roll rate (Fig. 5).
The signal-to-noise ratio is quite low in this
example (compare Figs. 3 and 5). The values of
Lp, Ls, ¢, ¥, and J for each iteration are given

in Table 2. The algorithm converges in four
iterations. The behavior of the coefficients as
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they approach convergence is much 1ike that in the
no-noise case. The most notable result of this
case is that the converged values of Ly and Lg are
somewhat different from the correct values. The
match hetween the simulated measured and estimated
time histories is shown in Fig. 6 for each itera-
tion. No change in the match is apparent for
1terations 2 and 3. “he match is very good con-
sidering the amount of measurement noise.

In Fig. /7, the time history estimated using
the no-noise estimates of Lp and Lg is compared
with that using the noisy estimates of Lp and Ls.

Because the algorithm converged to values somewhat
different from the correct values, the two esti-
mated time histories for their respective values
are similar but not identical.

The accuracy of the converged elements can be
assessed by looking at the Cramér-Rao inequal-
ity23.67 discussed previously. The Cramér-Rao

hound can be obtained from an approximation to
the information matrix H, where

N -1

-1 _ 5. - -1, =
HY = 20ming 3 09,7, (t)1*(G6*) "9, _(ti)] /(N-1)
i e ggt?

The Crandr-Rao bounds for Lp and Lg are the square

rcots of the diagonal elements of the H'1 matrix,

or \ﬂfl(l,l) and VH'I(Z,Z), respectively. The
CramBr-Rao bounds are 0.1593 and 1.116 for Lp and

Ls, respectively. The differences between L, and

Ly and between [5 and Lg are less than their
respective hounds.

Cost tunctions

In the previous section we obtainad the maxi-
mum likelihood estimates for simutated time
nistaries hy minimizing the values of the cost
functions, To fully understand what occurs in
this minimization, we must study in more detail
the form of the cost functions and some of their
more important characteristics. In this section,
the cost function for the no-noise case is dis-
cussed briefly, The cost function for the noisy
case is then discussed in more detail. The same
twn time histories studied in the previous section
are examined here. The noisy case is more inter-
esting hecause it has a meaningful Cramér-Rao
hound and is more representative of aircraft
fiight data.

It is important to remember that in this paper
everything related to cost functions (Eq. (19)) is
hased on simulated time histories that are defined
by Eq. (17). For every measured time history we
might choose (simulated or flight data), a com-
plete cost tunction is defined. For the case of
n variables, the cost function defines a hyper-
surface of n + 1 dimensions. We could avoid
bothering with the minimization algorithm if we
could construct this surface and look for the
mintmum, but this is not a reasonable approach,
hecause the numher of variables is generally
gregter than two. Therefore, the cost function
can be described mathematically but not pictured
graphically.

s . oo

One-Dimensional Case. To illustrate the many
aspects of cost functions, it is easiest to look
first at cost functions having one variable. In
an earlier section, the cost function of L, and Lg

was minimized. That cost function is most inter-
esting in the Lp direction. Therefore, the one-

variable cost function studied here is J(Lp),
with the correct valus of Lg = 10.0. Figure 8

shows the cost function plotted as a function of
Lp for the no-noise case. As expected for this

case, the minimum cost is zero and occurs at the
correct value of Lp = -0.2500. It 1s apparent

that the cost increases much more slowly for a
more negative Lp than for a positive Lp. In fact,

the slope of the curve tends to become less nega-
tive where i, < -1.0. Physically this makes sense

because the more negative values of Lp represent
cases of high damping and the positive Lp repre-
sents an unstable system. Therefore, the pj for
positive Ly becomes increasingly different from
the measured time history for smail positive
increments in Lp. For very large damping (very
negative Lp), the system would show essentially no
response. Therefore, further large increases in

damping result in relatively small changes in the
value of J(Lp).

In Fig. 9, the cost function based on the
noisy case time history is plotted as a function
of Lp. The correct L value (-0.2500) and the
Lp value (-0.3218) at the minimum of the cost
(3.335) are both indicated on the figure. The
general shape of the cost function in Fig. 9 is
similar to that shown in Fig. 8., Figure 10 com-
pares the cost functions based on the noisy and
no-noise cases. The comments relating to the cost
function based on the no-noise case also apply to
the cost function based on the noisy case. Figure
10 shows clearly that the two cost functions are
shaped similarly but shifted in both the L, and J
directions. Only a small difference in the value
of the cost would be expected far from the minimum
because the "estimated" time history is so far
from the simulated measured time history that it
hecomes irrelevent as to whether the simulated
measured time history has noise added. Therefore,
for large values of cost, the difference in the
two cost functions should be small compared with
the total cost.

Figure 11 snhows the gradient of J(Lp) plotted
as a function o7 Lp for the noisy case. Finding
the zero of this function (or equivalently, the
minimum of the cost function) using the Gauss-
Newton method was discussed previously. The
gradient is zero at Lp = -0.3218, which corre-

spords to the value of the minimum of J(Lp).

The usefulness of the Cramér-Rao bound was
discussed in the Example With Measurement Noise
section, It is useful to digress briefly to
discuss some of the ramifications of the Cramér-
Rao bound for the one-dimensional case. The
Cremér-Rao bound has meaning only for the naisy
case. In the noisy example, the estimate of Lp

is -0.3218, and the Cramér-Rao bhound is 0.0579.
The calculation of the Cramér-Rac bound was
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defined in the previous section for both the
one-dimensional and the two-dimensional examples.
The Cramér-Rao bound is an estimate of the stand-
ard deviation of the estimate. The scatter in the
estimates of Lp should be of about the same magni-

tude as the estimate of the standard deviation.
For tn one-dimensional case discussed here, the

range (Lp = -0.3218 plus or minus the Crameér-Rao

hound, 0.0579) nearly includes the correct value
Ly = Z0.2500, If noisy cases are generated for

many time histories (adding different measurement
noise to each time history), then the sample mean
and sample standard deviation of the estimates for
these cases can be catculated. Table 3 gives the

sample mean u, sample standard deviation o, and

the standard deviation of the sample mean, o/VW,
for 5, 10, and 20 cases. The sample mean, as
expected, gets closer to the correct value of
-0.2500 as the number of cases increases. This
is also reflected in the table by the decreasing
values of o/VN, which are estimates of the error
in the sample mean. The sample standard devia-
tions indicate the approximate accuracy of the
individual estimates. This standard deviation,
which stays more or less constant, 1S approxi-
mately equal to the Cramér-Rao bound for the
noisy case being studied here. In fact, the
Cramér-Rao bounds of the 20 noisy cases used
here (not shown in the table) do not change much
from the values found for the particular noisy
case being studied. Both of these results are in
good agreement with the theoretical character-
istics2d of the Cramér-Rao bounds and maximum
Jikelihood estimators in general.

These examples indicate the value of obtaining
more sample time nistories (experiments orF, in an
aircraft example, dynamic maneuvers). Having more
samples improves confidence in the estimate of the
unknowns. This also nolds true in analyzing actu-
al flight time histories (maneuvers); thus, it
is always advisable to obtain data from several
maneuvers at a given flight condition to improve
the best estimate of each derivative.

The magnitudes of the Cramér-Rao bounds and of
the error between the correct and estimated values
nt Lp are determined largely by the length of the
time history and the amount of noise added to the
correct time history. For the case being studied,
it is apparent from fig. 5 that a large amount of
noise is added to the time history. The effect of
the measurement noise power (GG*, Eqs. (3) and
(4)) on the estimate of Lp for the time history
i< indicated in Table 4. The estimate of Lp is
much improved by decreasing the measurement noise
power. A reduction in the value of G to one-tenth
of the value in the noisy case heing studied
yields an acceptable estimate of Lp. For real
data, the measurement noise is reduced by im-
proving the accuracy of the sensor outputs.

Two-Dimensional Case. In this section, the
cost function dependent on both Lp and Lg i
studied. The no-noise case 1s examined first,
followed by tihe noisy Case.

fven though the cost function 1S 4a function of
only two unknowns, it is much more gifficult to
visualize than is the one-dimensional case. The
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cost function over reasonable ranges of Lp and Lg

is shown in Fig. 12. The minimum must lie in the
curving valley that gets broader toward the far
side of the surface. The cost increases very
rapidly in the region of positive Lp and large
values of Lg. The reason for this rapid increase
is just an extension of the argument for positive
Lps given in the previous cection. With this pic-
ture of the surface, we can look at the isoclines
of constant cost on the LP—L5 piane {Fig. 13).

The minimum of the cost function is inside the
closed isocline. The steepness of the cost func-
tion in the positive Lp direction is once again
apparent. The more nearly elliptical shape inside
the closed isocine jndicates that the cost is
nearly quadratic there, sO fairly rapid conver-
gence in this region would be expected. The Lp
axis becomes an asymptote for cost as Lg approaches
zero. The cost is constant for Lg = 0 because

no response would result from any aileron input;
the estimated response js zero for all values of
Lps resulting in constant cost.

The region of the minimum value of the
cost function (Fig. 13), as seen in the earlier
example (Table 1), occurs at the correct values
Lp = ~0.2500 and Lg = 10.0. This is also evident

by looking at the cost function surface shown in
Fig. 14. The surface has its minimum at the cor-
rect value. As expected, the value of the cost
function at the minimum is zero.

As in the one-dimensional case, the primary
difference between the cost functions for the no-
noise and noisy cases is a shift in the cost func-
tion., In the one-dimensional case, the cost
function for the noisy case was shifted so that
the minimum was at a higher cost and a more nega-
tive value of Lp. In the two-dimensional case,
the cost function exhibits a simitar shift in
both the Lp and the Lg directions. The shift is
small enough that the difference is not visible at
the scale shown in Fig. 12. Figure 15 shows the
jsoclines of constant cost for the noisy case,
which ook much 1ike the isoclines for the no-
noise case shown in Fig. 13; the difference 1is
a shift in Lp of about 0,1, the difference at
the minimum for the no-noise and noisy cases.
Heuristically, one can see that this would hold
true for cases with more than two unknowns; the
primary difference between the two cost functions
is near the minimum.

The next step is to examine the cost function
near the minimum. Figure 16 shows the same view
of the cost function for the noisy case as shown
in Fig. 14 for the no-noise case. The shape is
roughly the same as that shown in Fig. 14, but
the surface is shifted such that its minimum lies
over L = -0.3540 and L§ = 10,24, and it is
shifted upward to a cost function value of approx-
imately 3.3.

To get a more precise idea of the cost func-
tion of the noisy case near the minimum, we must
once again examine the isoclires. The isoclines
in this region (Fig. 17) are much more Tike ellip-
ses than those in figs. 13 and 15. The results
from Tabhle 2 are included on Fig. 17, so we can
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follow the path of the minimization example used
hefore. The first iteration (L = 1) brought the
values of L, and Lg very close to the values at
the minimum, and the second essentially arrived at
the minimum (viewed at this scale). One of the
reasons the convergence is so rapid in this region
is that the isoclines are nearly elliptical, dem-
onstrating that the cost function is very nearly
quadratic in this region. If we had started the
Gauss-Newton algorithm at a point where the iso-
clines are much less elliptical (as in some of the
border reygions in Fig. 15), the convergence would
have proyressed more slowly initially, but it
would have progressed at much the same rate as it
entered the nearly quadratic region of the cost
tunciion,

Before concluding our examination of the two-
dimensional case, we shall examine the Cramér-Rao
hound. Figure 18 shows the uncertainty ellipsoid,
which is based on the Cramér-Rao bound. (The
relationships between tne Cramér-Rao bound and the
uncertainty ellipsoid are discussed in Ref. 69.)
The uncertainty ellipsoid almost encloses the
correct values of Lp and Lg. The Cramér-Rao bound
for Lp and Lg can be determined from the projec-
tion of the uncertainty ellipsoid onto the Lp and
Lg axes and then compared with the values calcu-
lated for the noisy case, which were 0.1593 and
1.116 for Ly and Lg, respectively. This projec-
tion is analogous to the case for n unknowns, but
in that case the projection would be the n + 1
nyperellipsoid's projection onto a hypersurface.

Estimation Using Flight Data

We have examined the basic mechanics of
obtaining maximum likelihood estimates from sim-
ulated examples with one or two unknown param-
oters. To make the transition from theory to
practical appiication, we present results obtained
trom analysis of actual flight data and discuss
how the gircraft parameter estimation results are
used to solve real problems. In this case we
illustrate the necessity of obtaining estimates of
the aircraft coefficients of the differential
equalions of motion (the stability and control
derivatives) to solve important and related prob-
lems encountered in flight. However, the aircraft
stahility and control example is only one of sev-
eral applications of parameter estimation tech-
niques; useful results can he obtained in many
applications where the phenomenology is well
understond. For the computationally difficult
situation usually encountered with actual flight
data, we obtain the maximum likelihoond estimates
with the [1iff-Maine code (MMLEL program).67
Before studying the specific examples, a brief
historical review of some other uses of the esti-
mates is presented,

In the past, the primary reason for estimating
stahility and control derivatives from flight
tests was to make comparisons with wind tunnel
estimates. As aircraft became more compiex and as
flight envelopes wcie expanded to include flight
regimes thit were not well understood, new re-
quirements of the derivative estimates evolved.
tor many years, the flight-determined derivatives
were ysed in simulations to aid in flight planning

10

o0 . asd

and in pilot training. The simulations were par-
ticularly important in research flight test pro-
grams in which an expansion of the envelope into
new flight regimes was required. As more was
learned about these new flight regimes, the com-
plexity of the aircraft, and particularly their
sophisticated flight control systems, increased.
The design and refinement of the control system
for these complex aircraft required higher fidel-
ity simulations. As a consequence, a more com-
plete knowledge of the flight-determined stability
and control derivatives was necessary. Almost
all current high-performance aircraft have very
complex control systems to compensate for their
deficiencies in basic aerodynamic characteristics.
Consequentiy, most flight test programs for these
aircraft require a complete flight-deternined

set of stability and control derivatives, and
parameter estimation techniques for estimating
stability and control derivatives from flight
data have become more sophisticated.

At the Dryden Flight Research Facility of
NASA's Ames Research Center (Ames-Dryden), ana-
lysts have been involved in the estimation of sta-
bility and contrgl derivatives with maximum like-
lihood estimators since 1966 and have success-
fully applied maximum likelihood estimators to
nearly 50 different aircraft configurations. Some
of the experience gained through these applica-
tions is included in che bibliography of Ref. 9.
Recent Ames-Dryden applications have concentrated
on estimating stability and control derivatives
to assist in designing or refining control sys-
tems. Three such applications (to be discussed in
detail) are the F-14, highly maneuverable aircraft
technology (HiMAT), and space shuttle programs.
A1} three of these programs have made extensive
use of high-fidelity, pilot-in-the-loop simula-~
tions, which are implemented using the best wind
tunnel data available. Portions of these flight
test programs were defined to obtain data for
refining simulator models.

The chosen method of enhancing the simulator
model depends on the aircraft involved in the
flight test program. The F-14 aircraft flew sev-
eral flights specifically for defining the sta-
bility and control derivatives over a large angle-
cuf-attack range because the necessary control
refinement related to the high-angle-of-attack
regime, The HiMAT vehicle flew several flights
with a positive static margin (stable open-loop
system) so that derivatives could be obtained to
design a control system for flight at a negative
static margin (unstable open-loop system). The
space shuttle entered from space on the most con-
servative trajectory to allow assessment of its
characteristics before an envelope expansion
was begun.

Once the flight data are obtained and ana-
lyzed, the simulator is updated to assist in con-
trol system design and further flight planning.
Where flight results agree with wind tunnel pre-
dictions, confidence in the simulation grows, and
envelope expansion proceeds more efficiently.

The coefficients evaluated in this section
are contained in the aircraft equations of motion,
which are derived and discussed in detail in
Ref. 6.
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F-14 Aircraft

The F-14 aircraft is a twin-engine, high-
performance fighter with variable wing sweep
(Fig. 19). The Ames-Dryden F-14 program was
intended to improve the handling qualities of the
airplane at high angles of attack by incorporating

several conir.l system techniques.’U,71 The first
part of the program was dedicated to obtaining
flight-determined stability and control deriva-
tives for the subsonic envelope of the F-14 air-
craft, the complete trimmed angle-of-attack range
for Mach number M < 0.9,

In many instances the flight data agreed
with the wind tunnel predictions; Fig. 20 (from
Ref. 70) shows the comparison of C”B (Ch being the

coefficient of yawing moment) as a function of
angle of attack a from flight and wind tunnel
estinates. (Througout this and following dis-
cussions, a subscript to the coefficient denotes
partial derivative with respect to the subscripted
variable.) The symbols denote the estimate, and
the vertical bar designates the uncertainty level
(Cramér-Rao bound). The agreement is good,
although there is some disagreement at a > 25°;
nevertheless, the same trends are seen for both
flight and wind tunnel data.

Figure 21 shows the flight-determined Cl
P
(Cq being the coefficient of rolling moment)

as a function of o for M < 0.55 and for M = 0.9.
There was some uncertainty in the accuracy of the
wind tunnel predictions of Clp hecause the wind

tunnel model configurztion was different from the

flight configuration. The implementation of

Cyp at M = 0.9 in the simulation produced a pre-
p

viously unsimulated wing rock characteristic that
had been observed in flight., The wing rock had
been a troublesome characteristic, and its simula-
tion was impor:iant in improving handling qualities
through control system modifications. Figure 22
shows the flight-determined values of C‘B as a

function of a compared with the results of two
different sets of wind tunnel results. There had
been some concern about the disagreement between
the two sets of wind tunnel results before flight.
At low angies of attack, the three sets of esti-
mates are in fair agreement; however, at a > 15°,
the flight data lie between the two sets of wind
tunnel data.

A last example from the F-14 aircraft shows
how the wind tunnel and fiight estimates inter-
play to improve a simulation. After the lateral-
directional derivatives were incorporated in the
simulation, the resulting simulated lateral-
directional motions from a longitudinal-stick snap
maneuver were found to be inconsistent with the
flight response. Since the F-14 program was pri-
marily a lateral-directional investigation, the
longitudinal derivatives in the simulation had not
been updated with the flight-determined values.
When the flight-determined longitudinal deriva-
tives were included in the simuldation, the stick
Snap response agreed more closely with the flight
response. In tracking down the inconsistency, a
large discrepancy was discovered between the wind
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tunnel and flight-determined values of Cma (Cm

being the coefficient of pitching momant). This
is shown in Fig. 23, where flight -determined
Cma is compared with the wind tunnel estimates

of CmOl for the untrimmed and trimmed conditions,

Further investigation showed that the untrimmed
values of Cma had been put in the simulation and

that the predicted trimmed values of Cmu were in
excellent agreement with flight estimates.

Examples using Czp, CEB, and Cma show how

flight data, in addition to providing a primary
source of estimates, can be used to help interpret
wind tunnel data; these data can then be used to
improve the simulation at points away from steady-
state flight data. Sometimes wind tunnel data are
available but have been discounted or overlooked,
and flight data can give new credence to these
wind tunnel data.

These F-14 flight data improved the simula-
tion over a large part of the envelope. Since the
F-14 high-angle-of-attack program also needed to
examine responses of a highly transient nature,
more tedious and time-consuming fine tuning of the
simulation was required for flight at other than
near the trimmed conditions.’2 With the resulting
simulation, the proposed control system techniques
were further refined; the result was a more effi-
cient demonstration in flight.

This exemplifies the value of flight test
parameter estimation in improving the handling
qualities of an aircraft through control system
improvements.

HiMAT Vehicle

The HiMAT vehicle is a remotely piloted
research vehicle with advanced close-coupled
Canards, wing-type winglets, and provisions for
variable leading-edye camber. It is made of i
advanced composite materials to allow for aero- §
elastic tailoring and to minimize weight, It
was flown in an unstable configuration because
the wing deformation then resulted in a desirable
camber shape at high load factor and because the
trim drag was reduced.

The HiMAT venicle’3,74 (Fig. 24) was designed
to fly with a sustained 8-g turn capability at
Mach 0.9 at 25,000 ft al*itude and to demonstrate
fiight supersonically to Mach 1.4, To attain the
Mach 0.9 condition, it was predicted that the
vehicle must be flown in an unstable configuration
(10-percent mean aerodynamic cord (MAC) negative
static margin), The philosophy for testing the
HiMAT vehicle was somewhat different from that for
production aircraft: Flight-determined stability
and conrtrol derivatives were to be relied on to
keep the wind tunnel program to a minimum. The
original simutation data base contained the wind
tunnel data supplemented with some computed
characteristics.

The vehicle was flown in a stable config-

uration to obtain stability and control deriva-
tives with the control feedbacks set to zero.

While these data were being gathered, a control
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system suitable for unstable flight was being
designed, based on wind tunnel tests. Then, with
the flight-determined derivatives, the simulator
was updated and the control system adjusted for
this update so that the unstable vehicle could be
flown safaly. Stability and control maneuvers
were performed at subsonic and supersonic Mach
numbers, at angles of attack up to 10°, and at
altitudes from 15,000 to 45,000 ft. A complete
set of stanility and control characteristics was
ohtained for both the longitudinal and lateral-
directional degrees of freedom.’5 Because the
values of the HiMAT derivatives are classified,
the data are piotted on unlabeled vertical axes;
nevertheless, an assessment of predicted and
f1ight-determined derivatives can still be made.
All the derivatives, predicted and flight deter-
mined, are corrested to O-percent MAC. For the
flight conditiens flown, there were no aernelastic
effects noted :n the flight data.

Figure 25 shows flight-determined directione]
dynamic stability C"den as a function of Mach

number at a = 4° compared with the rigid and flex-
ihle predictions. Flight estimates are about the
same as predictions at M = 0.4 and 0.9, butl they
differ significantly in between. In Fig. 26,
C"den is plotted as a function of a at M = 0.9,

showing that the vehicle is slightly unstasle in
the lateral-directional axes at the lower angles
of attack. Considering that these data are
plotted for U-percent MAC, this instability would
be considerably greater and over a wider angle-of-
attack range if the center of gravity were moved
significantly aft (aft movement of the center of
gravity makes any vehicle less stable). The de-
rivatives Cye {Cy being the coefficient of side-

force) and Clp agreed with predictions; however,

Cn, was twice the predicted value, Cnp was of
npposite sign, and Cir was a small fraction of

predictions. The rolling moments due to aileron,
CEGDE' agreed fairly well with the rigid predic-

tions;, Cn6 was 25-percent less than predicted;
r
both C andg C showed a positive increment
"6a Népr P

over prediction. was about

r

twice the predicted value. Since there were so
many large differences between the flight-
determined derivatives and the minimal wind tunnel
set, it was decided to completely reevaluate the
lateral-directional control laws designed for the
unstable configuration using the flight data
instead of the wind tunnel data, which were used
in the original design. Some reasons for this can
he seen in Fig. 27, in which the control deriva-
tives C"5DE' ClGr’ and Cn6r are plotted func-

The derivative C
Lg

tions of a at M = 0.9, These differences between
flight and predicted values meant that the simu-
lator had to be extensively revised,

The HiMAT vehicle program was a technology
demonstration program and therefore was required
to demonstrote the technology only at specific
design points. A technology demonstration is
quite different from many programs, such as the
F-14 program, because only certain steady-state
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requirements must be cdemonctrated. Therefore, all
the points (or flight corditions) that needed to
be flown were near steady-state points for which
flight-demonstrated derivatives already existed.
To update the simulator, all the predicted data
were disregarded, and only flight-determined sta-
bility and control derivatives were used. The
knowledge that the aircraft stability and control
derivatives exhibited no significant aeroelastic
effects permitted the reevaluation of the unstable
control system, and the design was simplified.

The control laws designed for the unstable
configuration were much more complex than the
rate-feedback system used for gathering stability
and control derivatives. The new control laws
were modified by (1) adding a lateral acceleration
ay feedback to mprove closed-loop directional
dynamic stability; (2) addinc an interconnect
between lateral stick and rudder to improve
lateral control characteristics; (3) changing
the various feedback yains to improve damping
characteristics; and (4) locking the aileron
surface to eliminate advers2 yaw and also to
eliminate the possibility of a predicted surface-
buzz problem at higher Mach numbers. This design
of the lateral-directional control system was the
result of an extensive study of possible control
systems using both the simulator and the linear
analysis techniques. When the new control system
was designed, it was implemented on the HiMAT
vehicle, and it was flown in a stable configura-
tion. Control surface doublets were input, and
the responses were compared with the simulator-
derived responses. The comparison was excellent,
giving confidence that the unstable vehicle could
be tested.

The benefits of flying the unstable vehicle
were demonstrated in flight when a U,4-g improve-
ment in sustained-g capabilitv was realized by
changing the center-of-gravity location from the
point of neutral stability to S5-percent MAC aft of
the neutral point. When the unstable vehicle was
flown with a 5-percent MAC negative static margin,
a sustained turn of about 7.8 g was achieved.
Based on these numbers, the HiMAT vehicle should
be able to demonstrate a sustained 8.0-g turn
capability with the 10-percent MAC negative static
marqgin (unstable venhicle).

in the case of the HiMAT vehicle, flight test
pardmeter estimation became the sole method of
defining the stability and control derivatives.
A control system design for the unstable config-
uration was defined from flight test results.
The adequacy cf the desiyn was demonstrated on
the simulation updated with flight data. The
resulting control system enabled the unstable
vehicle to be flown.

A recent investigation of determining the
aerodynamic coefficients for the highly unstable
X-29A vehicle is described in Ref. 69, ihis
investigation sheds new light on parameter estima-
tion of unstable systems, which has widespread
application to systems other than those defined
by stability and control derivatives.

Space Shuttle Orbiter

The space shuttle orbiter 15 a large double-
delta-winged vehicle designed to enter the atmos-
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phere and land horizontally. The entry control
system consists of 12 vertical reaction control
system (RCS) jets {h up-firing and 6 down-firing)
and 8 nhorizontal RCS jets (4 left-firing and

4 right-tiring), 4 elevon surfaces, a hody flap,
and a split rudder surface (Fig. 28}. The ver-
ticai jets and the elevons are used for both pitch
ant roll control. The jets and elevons are used
cympetrically for pitch control and asymmetric-
ally fur roll zontrol, More informaticn on the
configuration and flight plan is given in Ref, 76,

The F-14 ant HiIMAT exampies showed how param-
eter estimation can ba used 1n an incremental
flight test program, that is, a progressive expan-
ston of the filight envelope to odtain data in the
mpre certain areas first and in the rore chal-
lenging or hazardous ones later. However, the
space shuttle program couid not he approached in
this manner, for the yehicle had te deronstrate on
the first flight that 1t couid de flown safely
over most of i1ts envelope. Further complicating
the proyram, this first flight included very
nhazardous tlight regirmes. The subsonic flight and
landiny characteristics had peen demonstrated in
the earlier approach and landing test program,
but the hypersonic, peak heating, and transonic
regions were largely unexplored for a vehicle of
this type.

Extensive wind tunnel tests were performed,
and those data were 1ncorporated into high-
fidelity simulations, No matter how carefully
wind tunnel tests are performed, there are fre-
quently discrepancies between the predictions and
the demonstrated flight characteristivs; there-
fore, uncertainties were defined for each stabil-
ity and contrnl derivative. These uncertainties
{called variations in Ref, 77) were based to a
large extent nn previously reported discrepancies

hetween predictions and flIgnt.7H

in preparatinon for the first fiygnt, a con-
trol system was developed to provide satisfactory
clnsed-loop venicle nharacteristics for deriva-
tives that fell hetweer tne variations that had
been previnusty defired. After flight data were
obtained, the flight estimates of the stability
and control derivatives were used tc reduce the
pretlight variations. This reduction then allowed
the contrnl engineers to refine the control system
and theretore to improve the shuttle handling
qualities. In addityaon, tne flignt-determined
derivatives were used to determine if configura-
tion placards {limitations on tne flight envelope)
could he modified or removed.

Some of the stahility and control results
obtatned from the first three flights are con-
tained in Refs, 79 4nd RO. One interesting
example of wnere parameter estimation played ar
important role in the shuttle program occurred
during the first energy-management bank maneuver
on the first entry of the shuttle (STS-1). The
response to the automated control inputs computed
using the predicted stability and control deriva-
tives is shown in Fiq. 29, it should be noted
that the control inputs shown here (and for all
nther simulation comparisons) are the closed-
loop commands from the shuttle control laws.

The maneuver was to he made at a velocity
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V = 24,300 ft/sec and 3t a dynamic pressure
g = 12 1b/ft2,

The actual STS-1 maneuver that occurred at
this flight condition is shown in Fig. 30, which
depicts a more hazardous maneuver than was pre-
dicted. At this flight condition the excursions
must be kept small, The flight maneuver resuited
in twice the angle-of-sides!ip B peaks predicted
and in a somewhat higher roll rate than predicted.
Also, there was more yaw-jet firing than was pre-
dicted, and the motion was more pocrly damped than
predicted. [t is cobvious from comparing the pre-
dicted with tne actual maneuver (Fig. 31) that the
stability and control derivatives were signifi-
cantly different than pre*'cted. It is fortunate
that the control system cesign philosophy dis-
cussed previously had beer used for the shuttle,
Although the flignt maneuver resulted in excur-
sions greater than planned, the control system
did manage to damp out the oscillation in less
than 1 min, With a less conservative design
approach, the resulting entry maneuver could
have been a good deal worse,

To assess the problem with the first bank
maneuver, the flight-determined stability and
control derivatives were compared with the pre-
dictions. Of all the derivatives obtained from
STS-1, the two important ones that differed most
from the preaictions at the flight condition being
discussed were CiB and the rolling moment due to

yaw jet firing, Lyj. Since the entry tends to
monotonically decrease in Mach number, the deriva-
tives can be hest portrayed as functions of the
guidance system "Mach number,” which is V/1000.
Figure 32 shows ClB as a function of guidance Mach

number, and Fiy. 33 shows Lyj as a function of

guidance Mach number. Only the estimates from
STS-1 are shown in these figures.

wWhen nly the change 1in Cle was entered into

the simulation data base, the maneuver looked

very much like the original prediction (Fig. 29);
Fowever, as expected, tne freguency of the oscil-
lations changed to he more representative of the
actual flight frequencies (Fig, 30). The effect
on the simulation of changing only Lyg from the
predictions is shown, with tne flight response, in
Fig. 34. These two time histories are very close,
considering that the other differences between

the flight-determined and predicted derivatives
have been ignared.

It is apparent that the primary problem with
the initial bank maneuver was the poor prediction
of Lyj. The control system software is very
complex, and it cannot be changed and verified
hetween shuttle missions; therefore, an interim

- approach was taken to keep this large excursion

from occurring on future flights. The flight-
determined Aderivatives were put into the simula-
tion data base, and the shuttle pilots practiced
performing the maneuver manually, trying to attain
a smaller response within more desirable limits.
The maneuver was performed manually on STS-2 to
STS-4. Figure 35 shows the manually flown maneu-




ver from STS-2. For this maneuver, roll rate,
yaw rate, and sideslip angle were within the
desired limits. The maneuver does not look like
the original predicted response, because the de-
rivatives and the input were different and the
basic control system remained unchanged. Since
the response variables were kept low and the inputs
were slower and smaller, the flight responses on
STS-2 to STS-4 did not show a tendency to oscil-
late. The software was updated for STS-5, and
the resulting automated maneuver is essentially
tndistinguishable from that shown in Fig. 35.
This maneuver has been ysed on all subsequent
shuttle flights,

The application of parameter estimation tech-
niyues to the highly complex space shuttle vehicle
will continue, and the results of tnis application
have and will significantly affect the control
system design, placard modification, and flight
procedures in general,

Concluding Remarks

In this paper, the aircraft parameter estima-
tion problem is used as an example of how param-
eter estimation can be applied in many scientific
and engineering fields to assess phenomenol ngy
from observations, and a brief survey of the
literature is presented. The theory, a simple
simulated example, and the application of experi-
mental results to solve real problems are given
and explained. The maximum likelihood parameter
estimation technique was used in the F-14 program
to effect control system changes that improved
handling qualities at high angles of attack, The
same technique provided the primary source of
information for control system refinement on the
unstable HiMAT vehicle. Space shuttle energy-
management maneuvers have been redefined based on
similations using flight-determined stability and
control estimates. Moreover, parameter estima-
tion techniques are being relied upon for future
control! system design, plazard modification or
removal, and flight procedures in general for
the space shuttle.

The explanation of parameter estimation tech-
nrques and the demonstration of their highly suc-
cessful application to the aircraft problems are
1ntended to inform and to encourage scientists in
other fields to consider these techniques for
application to probiems where a representative
model and high-quality data exist.
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Table 1 Pertinent values as a function of fteration Table 2 Pertinent values as
a function of iteration
L L A (S BYTE SR I N . “
Lob) L) e w(L) J
0 -0.5000 15,00 0.9048 2 .8s55 21.21 ~—————————-————-————~———-——————-————»—-———————-
1 -0.3005 9.888 (.9417 1.919 0.5191 0 -0.5000 15.00  ¢.9048 2.855  30.722
, 2 -0.2475 9.996 0.9517 1.951 5.083 x 1p-4 1 -0.3842 10.16 0.9260 1.956 3.497
. 3 -0.2500 10.00 0.9512 1,951 1.540 x 10-9 2 -0.3518 10.23 0.9321 1.976 3.316
4 4 -0.2500 10.00 0.9512 1.951 1.060 x 10-14 3 -0.3543 10.25 0.9316 1.978 3.316
4 -0.3542  1p.24 0.9316 1.978 3.316
5 3.3

-0.3542  10.24 0.9316 1.978 16
:=================:===:================:======:

Table 3 Mean and standard deviations for estimates of Lp

Standard deviation
of the sample mean,

cases, N u(lp) deviation, o((p) o(lp) VR
5 -0.2668 0.073% 0.0336

Number of Sample mean, Sample sta d

10 -0.2511 0.0620 0.0196
20 -0.2452 0.0578 0.0129
e

Table 4 Estimates of Lp and

Cramér-Rao bound as functions of
the square root of noise power

== ———
Square root of Estimate Cramér-Rao
. noise power, G of Lp bound
0.0 -0.2500 ---
0.01 -0.2507 0.00054
0.05 -0.2535 0.00271
0.10 -0.2570 0.00543
0.2 -0.2641 0.0109
0.4 -0.2782 0.0220
0.8 -0.3071 0.0457
1.0 -0.3218 0.0579
2.0 -0.3975 0.1248
5.0 -0.6519 0.3980
10.0 -1.195 1.279
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